Introduction
When an object is subjected to an external force, it will generate elastic waves due to material particle displacements and these waves can propagate in material media [1] . The elastic wave, also called acoustic emission (AE), is mechanical vibration. When different external forces act on the same material or the same external force acts on different materials, the elastic waves will have different characteristics. Hence elastic waves can be used for material non-destruction tests or monitoring many machining processes [2] [3] [4] .
AE monitoring for grinding is more challengeable than other machining due to irregular distribution of grits. Effective grinding monitoring is necessary for ensuring grinding quality and improving grinding productivity. The thermal expansion accompanied by grinding may trigger acoustic waves. Using AE for detecting grinding burn on line is a promising method [4] [5] [6] . A comparison of the different behaviours of mechanical and thermal AE signals has been reported recently [7] . However the details of grinding AE propagation in relation to grit mechanical interference, such as rubbing, ploughing and cutting, are far from fully being understood. This paper presents an investigation of grinding AE in relation to grit mechanical interference.
The AE wave is a type of non-stationary stochastic signal. In material tests, AE signals are traditionally presented as root-mean-square (RMS), event count, count rate, energy factor, amplitude of dominant-frequencies and power of dominant-frequency bands. This manner of the parameter record can save a lot of storage space so that it can be broadly used for monitoring events in a long period such as days. For grinding monitoring, a data stream is necessary, because different events may happen in a very short time. The Fast Fourier Transform (FFT) is often used for extracting some features of AE signals in the frequency domain. However, grinding acoustic emission is the transient elastic energy spontaneously released when materials undergoing deformation or fracture or both. For these non-stationary signals, FFT will make the frequency composition average over the duration of the signals. As a result, FFT cannot adequately describe the characteristics of the transient signals in the frequency domain [8] .
Short time Fourier transform (STFT) gets round the problem by introducing time duration information. However, it is difficult to balance both time and frequency resolution requirements when using the STFT. Wavelet Transforms (WT) uses a family of orthonormal bases to overcome the limitations of FFT in representing non-stationary signals through time-frequency analysis. It may extract AE features of grinding events with limit time duration more effectively. The WT need not have infinite assumption support as the FFT does and can be nonzero for only a short duration of time. The WT can translate a time-domain signal into a representation that is localized both in the time and frequency domains. The multi-resolution analysis of WT offers a solution of representing AE signals which contain high frequency bursts of short duration and low frequency components of longer duration [9] [10] . This is extremely useful for grinding process monitoring.
The present investigation is motivated by the expectation that AE features of grinding defects can be extracted clearly. The mechanical features of grinding AE are particularly interested. The following is the investigation objectives of this paper:
• To extract mechanical AE features through single grit scratching tests.
• To identify the difference of mechanically induced AE in relation to grinding phenomena of rubbing, ploughing and cutting.
Acoustic Emission in Grinding
As discussed previous, acoustic emission is a stress release process. The acoustic emission in grinding may come from elastic and plastic shear stress due to material removal or thermal deformation caused by grinding heat. In order to examine the acoustic emission in grinding, grinding tests were carried out on a Makino A55 machine centre. An Inconel 718 sample was ground by using an alumina wheel under the condition: grinding speed v s = 35 m/s, workspeed v w = 1000 mm/min, depth of cut a p = 1.0 mm. A PAC WD AE sensor was used to detect the AE signals. The sampling rate was 2 MHz. By using a bandpass filter with cut-off frequency of 50 kHz to 1200 kHz most of the noise generated by machine vibration and wheel rotation were easily eliminated. Fig. 1 illustrates the time-frequency features of the AE signals of a grinding process. It can be seen in this case that the main features of the AE signal are concentrated at the ranges around 100 kHz, 240 kHz and 550 kHz. In figure 1 , it is difficult to distinguish the individual chip formation in grinding. It is necessary to scrutinise the detail phenomena of acoustic emission during grinding.
Grinding process is a material removal process utilizing a large number of grits as cutting media. Removal of materials during grinding depends on the cutting action of each grit involved in the grinding operation. A ground surface is created as a result of a series of cutting actions from the grits. During grinding, randomly spaced grits on the wheel surface engage with the workpiece sequentially. Depending on the cutting depth, the grit may experience rubbing, ploughing and cutting three stages engaging with workpiece materials. The proportion of rubbing, ploughing or cutting in a grit pass depends on the amount of grit engagement that is determined by the grit position on the wheel surface and grinding kinematics. The engagement of a grit in grinding can be illustrated by undeformed grinding chip shape, which is commonly described by chip thickness and chip length. It was noted that the stress under the grit depends on the undeformed chip thickness. The larger the undeformed chip thickness, the higher the force is needed to remove the chip. Therefore higher stresses would be initiated.
In order to understand each individual grit performance in grinding single grit scratch tests were carried out. The scratch tests were carried out by feeding an Al 2 O 3 grit towards the rotational flat sample. With a grit in-and-out stroke, a scratch groove will be formed on the flat sample surface. The maximum scratch depth is about 1.5 µm, which is a typical value of grinding chip in high efficiency grinding. The scratching speed is 35 m/s. By using short time Fourier transform, the features of
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Advances in Abrasive Technology IX acoustic emission at both time-frequency domains can be illustrated as shown in Fig. 2 . It can be seen that the AE feature frequencies of the scratches are in the range 100 ~ 550 kHz, which are similar to the AE feature frequencies in grinding tests as shown in Fig. 1 . This confirms the grinding acoustic emission is aggregation of acoustic emission from individual grit grinding actions. Higher frequency components are relevant to grinding thermal behaviour [7] . The low amplitude of high frequency elements indicates that the thermal effect in a single grit scratch is very small. It should be noted that the AE frequency features are changing with the time during a scratch action. This may be the important information that presents the differences between rubbing, ploughing and cutting. Therefore, the AE propagation should be considered in both time and frequency features. 
Acoustic Emission Features of Rubbing, Ploughing and Cutting
Occurrence of rubbing, ploughing and cutting in a grinding process depends on the undeformed chip thickness in front of each grit pathway. In the rubbing case, there is surface friction between grit and test piece. Only elastic deformation involves in the rubbing action. However, for ploughing and cutting, the energy is consumed from material plastic deformation, which would provide different AE energy signatures. On the other hand the cutting is different from rubbing and ploughing in terms of material removal. This suggests therefore that different AE signatures should be apparent between these different phenomena. Ploughing and cutting are somewhat similar in that the materials are either pushed/slided to sideway or removed respectively. As these predominately cause material deformation they both have plastic material deformation effects. Whereas rubbing does not remove or slide any material away instead it touches the surface with no visible markings which has elastic material characteristics in that the material deforms and returns back to its original state after single grit pass has occurred. In short the boundaries are much closer in terms of ploughing and cutting AE distinguishing features. Ploughing and cutting are perhaps the most difficult phenomena to separate based on this assumption. The technique of both STFT and WT needs to be as accurate as possible to ensure the time constants as well as the sharpness of the waveforms are accurately represented when trying to distinguish the frictional energy and material deformation energy in the form of plastic or elastic energy. The difference between STFT and WT is that the short-time window for STFT represents a specific frequency band with respect to time and the user can not get an exact time reading at a particular point of phenomenon. The WT on the other hand breaks the signal up into smaller frequency components albeit high-short and low-long frequency components and the user is able to read the exact point of phenomenon start or finish. Therefore the WT resolution is much better than that of STFT. However if an optimised window (not too small for reduction of frequency resolution and not too big for reduction of time resolution) is applied, good STFT results can still be obtained.
In comparison to STFT, Fig. 3 and 4 display the WT energy spectrums at 3 levels which signify cutting and rubbing respectively. These results were taken from the same scratch (single grit cut) and the same piece of material (CMSX4). In looking at the energy spectrums in terms of features and amplitude levels it is possible to segregate the phenomena however there are a lot of overlaps in the signals that have to be ignored from presenting similar characteristics across one phenomenon border to another. All AE extracted signals were tested against an AE pencil lead break test [11] where the AE signals could be normalised on a day to day basis. The rubbing case in Figure 4 and others not displayed here were found to be not pure rubbing due to slight indentation marks which does not occur during rubbing. No scratch or mark is based on the rubbing phenomenon's elastic material properties. This phenomenon is more of rubbing with little plastic deformation. A set of back-propagation neural networks (NN) were developed to identify different phenomena involved in single grit scratch tests. The inputs of the NN are 256 neurons for the STFT data. There were a total of 6 scratches made 2 mm apart for each material therefore a total of 24 scratches existed for all the materials. The materials used in the following tests consisted of EN8 steel, Inconel 718, CMSX4 and MAR-M002. Looking at Figure 5 (a) the first initial results for STFT is very encouraging albeit the data set is limited in size and the ploughing and cutting phenomenon has been combined. This experiment gives a confidence milestone and paves the way for classification between all single grit scratch phenomena, cutting, ploughing and rubbing. Figure 5 (b) displays results that are again very encouraging with only 1 misclassification. The NN structure was based on two hidden layers with the input layer having 256 inputs (length of the STFT vector inputs) and the two hidden layers being set to one and half times that amount. The output layer was set to one to ensure a crisp output answer was obtained. Again the results were very encouraging with only one misclassification. Figure 5 . Classification results of the NN with STFT AE signal data Considering the WT may provide better interpretation of the AE signals, a modified NN was developed for the tests. The inputs of the NN are the combination of statistical windows of the WT with the kurtosis, variance, skew, mean and time constant measurements. Using a combination of WT and statistical windowing as the NN inputs it was possible to get the salient principle components and obtain 100% classification for identifying both the two phenomena ( Fig. 6(a) ) and three phenomena (Fig. 6(b) ). 
